Abstract: Natural wetlands constitute a major source of methane emission to the atmosphere, accounting for approximately 32 ± 9.4% of the total methane emission. Estimation of methane emission from wetlands at both local and national scale using process-based models would improve our understanding of their contribution to global methane emission. The aim of the study is to estimate the amount of methane emission from the coastal wetlands in north-eastern New South Wales (NSW), Australia, using Landsat ETM+ and to estimate emission with a temperature increase. Supervised wetland classification was performed using the Maximum Likelihood Standard algorithm. The temperature dependent factor was obtained through land surface temperature (LST) estimation algorithms. Measurements of methane fluxes from the wetlands were performed using static chamber techniques and gas chromatography. A process-based methane emission model, which included productivity factor, wetland area, methane flux, precipitation and evaporation ratio, was used to estimate the amount of methane emission from the wetlands. Geographic information system (GIS) provided the framework for analysis. The variability of methane emission from the wetlands was high, with forested wetlands found to produce the highest amount of methane, i.e., 0.0016 ± 0.00009 teragrams (Tg) in the month of June, 2001. This would increase to 0.0022 ± 0.0001 Tg in the month of June with a 1 °C rise in mean annual temperature by the year 2030 in north-eastern NSW, Australia.
Introduction
Wetlands are areas of marsh, fen, peatland or water, whether natural or artificial, permanent or temporary, with water that is static or flowing, fresh, brackish or salt, including areas of marine water, the depth of which at low tide does not exceed six meters [1] . Wetlands are important because they are a source of primary productivity; they provide habitats to wildlife; enhance water quality and provide an arena for recreation [2] . There is a need for monitoring wetlands because it allows us to determine whether these ecosystems have changed over time in terms of size, extent and quality. Furthermore, their reliance on rainfall, surface runoff, groundwater levels and evaporation rates make them, and the ecological services they provide, vulnerable to even small climatic changes.
Natural wetlands are a major source of methane (CH 4 ) to the atmosphere, accounting for approximately 32 ± 9.4% to the total methane emission [3, 4] . Among the existing greenhouse gases, methane is very important because it contributes approximately 17.7 ± 2.5% to the net greenhouse effect [5, 6] .
There are different ways to estimate and monitor greenhouse gases such as methane in the atmosphere including experimental and remote sensing approaches. The remote sensing perspective, such as the use of Greenhouse gases Observing Satellite (GOSAT) launched January 23, 2009, produces relatively more accurate estimates of the flux of greenhouse gases on a subcontinental basis. This, therefore, reduces errors by half in identifying the greenhouse gases source and sinks at a subcontinental scale [7] . Furthermore, scaling techniques of greenhouse gases using optical sensing data such as Landsat and Advanced Very High Resolution Radiometer (AVHRR) have been very useful especially for greenhouse gas estimation in regional and global scale. Nevertheless, optical remote sensing data may tend to underestimate emission in tropical environments because of their limitation to cloud cover. Radar systems such as synthetic aperture radar (SAR) sensors on board several satellites (ERS-1, JERS-1, Envisat) have the potential to improve estimates of greenhouse gases across tropical environments because they can penetrate cloud and provide data day and night [8] .
There have been some studies related to land-cover analysis/classification using satellite data [9] [10] [11] and the measurements of methane fluxes from wetlands [12, 13] . They identified and classified land cover types such as mangroves, open water, agriculture, forest and urban. Furthermore, they found that accurate and easily reproducible land-cover maps using remote sensing products, which specifically enhance their extent and characteristics, would improve monitoring and land management decisions. Methane fluxes emitted from wetlands were also found to differ significantly between sampling seasons and may increase with climate change by the end of the century [12, 13] .
Methane production from wetlands is dependent on climatic conditions such as temperature and soil moisture content that affect the metabolic activities of soil microbes. Soil moisture content also affects methane production directly by creating a low redox potential and anaerobic soil environment for methanogens [14, 15] . Methane production could also be attributed to substrate availability. High variability in measured methane fluxes from mangroves in Queensland was attributed to dependence on the differences in substrate availability [16] .
The quantitative estimation of greenhouse gases such as methane from natural sources using satellite data is very important. This is because natural emissions are closely connected to climate and ecological variables and this interaction constitutes potential feedbacks in the global system. Satellite remote sensing of wetland gaseous emission is very useful especially for large and inaccessible wetland types such as the floodplain wetlands in the Murray-Darling Basin, with a spatial extent of 5,826,600 hectares [17] . This approach has been successfully used to estimate the amount of methane emission from wetlands in Siberia and India [18, 19] . These studies estimated methane emission from wetlands such as forested bog, open bog, salt flats, mud flats and swamps. In Australia, especially in the north-eastern part of New South Wales (NSW), there has been no published research of methane estimation from wetlands using satellite data. There are gaps in our understanding as to what the various wetlands contribute to global methane emission at both local and national scale.
The mean annual temperature is projected to increase by 0.2 to 1.6 °C in coastal regions of NSW, Australia by the year 2030 [20] . This would have severe impacts on ecosystem processes such as forests in tropical regions of Australia, which are highly sensitive to climate change within the range that is likely to occur in the next 50-100 years [21] .
If temperature is a variable affecting methane production then quantifying the changes expected from a given temperature change can provide important information to the predictive models. This study aims to estimate the amount of methane emission from the coastal wetlands in north-eastern NSW and to estimate the amount of emission with temperature increase using Landsat ETM+.
Materials and Methods

Study Area
The study area extends from Evans Head to Tweed Heads within 20 m elevation from the coastline of north-eastern NSW (Figure 1 ). It is a low land area bounded by latitudes 28°09′S and 29°06′S, and longitude 153°00′E Most of the area lies on the Mesozoic sediments of the Clearance-Moreton Basin. It consists of metamorphic rocks and the sediments have been overlain by tertiary volcanics of the Mt. Warning shield volcano. There are outcrops of volcanics in the region consisting of alkaline basalt, andesite and andesitic breccia [22] . Large deposits of Quaternary sand occur along the coast. These consist of marine and Aeolian quartz sands that have formed beaches, dunes and sandsheets. Older Pleistocene dune systems lie inland of the younger Holocene beaches, fore dunes and hind-dunes. The sand masses have been subjected to extensive mining. Estuarine muds and clays occur within creeks and lagoons and peats are present in swamps formed in swales and deflation depressions [22] [23] [24] . The region is subtropical with mean annual temperature of 20 °C and a mean annual precipitation range of 1,482 mm to 17,560 mm [25] .
The wetland types found in this study area include mangroves and saltmarshes, forested wetlands, coastal upland water bodies, dunal wetlands, estuarine water bodies and coastal swamps. Mangroves and salt marshes were estuarine areas, which are subjected to tidal flooding and support mangrove and salt marsh vegetation [26] . Forested wetlands were dominated by trees and occurred on fertile soils, mostly at low altitude. The dominant forested vegetation in the area was broad-leaved paperbark (Melaleuca quinquenervia). Coastal upland water bodies were large or small fresh or brackish water bodies along the coast and included lakes, rivers and ponds. Estuarine water bodies were large open saline or brackish water bodies with a relatively narrow permanent or intermittent connection to the sea. Coastal swamps were fresh water wetlands around the coast that consisted of shallow marshes, wet heaths, and meadows vegetated by sedges and aquatic herbs. Dunal wetlands were fresh water wetlands on coastal sand dunes or plains that support woodland, heathland, sedges, and rushes. 
Satellite Data
The spectral bands used to model methane emission from the wetlands in north-eastern NSW were the optical visible, near-infrared and thermal bands. Visible and Near-Infrared bands were used to extract wetland class information while the thermal band was used to extract land surface temperature, which is an important determinant of methanogenesis. Landsat ETM+ data of June 2001 were used to estimate methane emission from the wetlands. This was due to the availability of cloud free images and also because of its high spatial resolution in the thermal band i.e., 60 × 60 m, compared to Landsat TM with a thermal band of 120 × 120 m. The spectral bands of Landsat ETM+ used (Table 1) were bands 1-4 and band 6. The methodology (Figure 2 ) involved the use Landsat ETM+ satellite data to classify the wetlands and to generate Normalized Difference Vegetation Index (NDVI) for the wetland classes. The NDVI of the vegetation was used to estimate emissivity for the wetland classes. The emissivity of the wetland classes was needed in order to correct the spectral emissivity of the blackbody temperature generated. This is because NDVI values of vegetation have been found to be strongly correlated with thermal emissivity [27] . Pre-processing (e.g., geometric and radiometric corrections) and supervised classification of the Landsat ETM+ data were performed and the wetland classes exported to geographic information system (GIS) for further analysis of area covered by each class. Accuracy assessment of the classified wetland map was carried out using orthophoto, Google Earth and groundtruthing. The classified wetland map was further reclassified using the spatial analyst tool in ArcGIS in order to assign the mean emissivity values for each wetland type which was further used to correct the spectral emissivity of the blackbody temperature generated. Band 6 was pre-processed and used to generate land surface temperature (LST) for the wetland classes. Climate data from the Bureau of Meteorology was used to validate the generated LST and to obtain precipitation and evaporation information for the study area. Observed methane fluxes for the wetland classes were obtained by field and lab experiments. The productivity factor of methane emission from the wetland classes were estimated using net primary productivity values from literature. The area of the wetland classes, observed methane flux, productivity factor, T-factor, precipitation and evaporation ratio were used to model methane emission estimates from wetlands in north-eastern NSW Australia.
Methane Emission Estimation
Methane production process from the wetland soil is dependent on soil moisture, wetland extent, vegetation type, water table depth and temperature [28] . Higher temperatures alone would increase methane production in saturated areas, but would also cause these saturated areas to shrink resulting in a net methane reduction, while higher precipitation alone would raise the soil moisture, water table, and expand the wetland extent thereby resulting in a net increase in methane. However, an exception to these relationships is for small increase in temperature (1 °C) and precipitation (5%), for which the temperature increase can cause a slight increase in methane emission [13] . Furthermore, the vegetation type in an ecosystem would influence the net primary productivity (NPP) of the ecosystem and this is proportional to methane production [29] . The estimation of methane production from the soil in this study assumes the methane emission processes depend linearly on temperature.
This was carried out using equation 1 modified from Agarwal and Garg [18] and Liu [14] .
where: E CH4 = Estimated Methane Emission A = Area of wetland classes Ft = T factor E obs = observed methane flux from different wetland classes, P = Productivity factor fw = P/E = Precipitation /Evaporation ratio, Where: fw {P/E if P ≤ E} or {1 if P > E}.
Estimating Area of Methane Emitting Wetlands
The area of methane emitting wetlands was estimated from classified wetland map produced using Landsat ETM+ data. This was carried out using the following image processing steps: (a) Georeferencing (b) Subseting (c) Masking (d) Converting DN to Radiance (e) Converting Radiance to Reflectance (f) Supervised Classification and (g) Accuracy Assessment
The Landsat ETM+ satellite images (five scenes) acquired on June 21st 2001 were converted from Binary BIL format into ER Mapper data format in ER Mapper software version 7.1. The Landsat scenes were georeferenced based on an orthophoto and re-projected into the UTM-WGS 84 projection. Twenty-four ground control points were used in the rectification process with an overall RMS error of less than 1 pixel. The images were later subsetted to the study area and a digital elevation model (DEM) was used to mask out all areas that are more than 20 m altitude from the coastline. This is because the coastal zone was defined as all areas less than 20 m elevation from the coastline.
Radiometric correction was carried out in the visible and near infrared regions of the satellite images. Radiometric correction entails the correction of image pixel values for sun elevation angle variation and the calibration of images to account for degradation of the sensors over time. The changes in sensors calibration factors will obscure real changes on the ground [30] . This process involves the conversion of digital numbers to at-satellite radiances and at-satellite radiance to at-surface reflectance. This radiometric correction process includes atmospheric and illumination corrections. The spectral values of gain and bias for Landsat ETM+ data (Table 2) were obtained from the image header file. 
where: R TOA : the planetary reflectance L rad : is the spectral radiance at the sensor's aperture; π: ≈ 3.14159 ESUN i : the mean solar exoatmospheric irradiance of each band d: the earth-sun distance, in astronomical units, which is calculated using the following EXCEL equation [31, 32] d = (1 − 0.01672 × COS (RADIANS (0.9856 × (Julian_Day − 4)))). z: solar zenith angle (zenith angle = 90 − solar elevation angle), solar elevation angle is within the header file of the satellite images.
Classification
Supervised classification was carried on the Landsat ETM+ image in ER Mapper version 7.1. This was performed on the reflectance images using a set of user-defined classes. This requires digitizing training sites into user-defined polygons based on knowledge of the wetlands classes obtained from regular field visits. Statistics of the training sites were generated and evaluated. The supervised classification was performed using the Maximum Likelihood Standard algorithm. This is because it considers both the means and the variances of the training data in order to approximate the probability that a given pixel belongs to a particular class. Furthermore, it produces better results compared to minimum distance to means or parallelpiped classifiers [33] . Non-wetland areas such as urban and agricultural areas were masked out from the classification.
Accuracy assessment of the wetland classification was performed by comparing the classified map with scenes from Google Earth, color orthophoto and groundtruthing of the region. 312 samples were selected from the classified map through random sampling method from the wetland classes and compared with the referenced maps. Furthermore, groundtruthing was carried out in order to validate the wetland classes. It was performed by randomly selecting the samples in the field and using of a global positioning system (GPS) as a guide to identify the wetland classes. A k × k confusion matrix (error matrix) table was developed and the producer accuracy, user accuracy, overall accuracy and kappa analysis were calculated.
The producer's accuracy of the wetland classification was performed by dividing the total correct sample units of each wetland category by the total number of the wetland class sample units as indicated by the reference data (i.e., column total). The user's accuracy was also performed by dividing the total number of correct pixels in each wetland category by the total number of pixels classified in that category (i.e., row total). The overall accuracy of the classification (87.50%) was computed by using the sum of the major diagonal (i.e., the correctly classified sample units) divided by the total number of sample units in the entire error matrix [34] . The kappa statistical value (85.00%) for the classification is a measure of how well the remotely sensed classification agrees with the reference data. The kappa analysis from the classification showed a high correlation between the wetland classification and the reference data used.
The classified wetland map was exported to ArcGIS and their respective areas generated. The following methane emitting wetland types were identified: mangroves and saltmarshes, forested wetlands, dunal wetlands, estuarine water bodies, coastal upland water bodies and coastal swamps.
Normalize Difference Vegetation Index (NDVI) of the reflectance image was also generated. The NDVI was generated for use in the estimation of thermal emissivity of the wetland classification. This was carried out using Equation 4 [35] . NDVI = (Near-infrared − Visible red) / (Near-infrared + Visible red)
The NDVI values were obtained for the following wetland classes: mangroves and saltmarshes, forested wetlands, dunal wetlands and coastal swamps with overlapping NDVI values between classes. The observed mean NDVI values and standard error (SE) were 0.665 ± 0.044 for mangroves and saltmarshes, 0.685 ± 0.054 for forested wetlands, 0.669 ± 0.067 for dunal wetlands, and 0.565 ± 0.095 for coastal swamps.
Estimating T factor
The T factor was derived from Equation 5 [14] . The mean F (Ts) value over the wetlands and standard error was 0.04 ± 0.01.
Estimating Land surface Temperature (Ts)
In this study, land surface temperature (LST) is an important input factor in the methane modeling process. It was derived from Landsat ETM+ using the thermal infrared band (10.40-12.50 µm), with a spatial resolution of 60 m. The satellite images were georeferenced using an othophoto and reprojected into the UTM-WGS 84 projection. The images were later subsetted to the study area and a DEM was used to mask out all areas that are more than 20 m altitude from the coastline. The following processing steps were further carried out on the Landsat ETM+ band 6 satellite data:
Conversion of Digital Number (DN) to Spectral Radiance
The DN of the thermal infrared band (band 6) was converted to Radiance using Equation 7 [36] .
where: L λ = radiance, W/m 2 /sr/µm DN = digital number
Conversion of Spectral Radiance to At-Satellite Brightness Temperature (Blackbody temperature)
The spectral radiance was converted to at-satellite brightness temperature using equation 8, assuming uniform emissivity [36] . However, the temperature obtained (T B ) is with reference to a black body (perfect absorber and emitter of radiation) assuming a uniform emissivity. There is therefore a need to correct the spectral emissivity with respect to the land cover. Emissivity is the ratio between emittance from an object in relation to emittance from a blackbody at the same temperature [35] .The spectral emissivity for the various wetland types were derived using their NDVI values [27] . According to Van de Griend and Owe [27] , when the NDVI value of natural land surface is between 0.157 and ~0.727, then emissivity may be acquired approximately from NDVI index of the vegetation using Equation 9 [27] . ε = 1.0094 + 0.047 ln (NDVI)
where: ε = emissivity NDVI = Normalized Difference Vegetation Index.
A constant emissivity value of 0.986 for water (estuarine water bodies and coastal upland water bodies) was adopted from the emissivity classification scheme by Snyder et al. [37] .
The observed mean emissivity values for the wetland classes were as follows: mangroves and saltmarshes = 0.990 ± 0.004, dunal wetlands = 0.991 ± 0.007, forested wetlands = 0.992 ± 0.004, coastal swamps = 0.983 ± 0.009. This is, however, limited to wetland vegetation and would not be applicable to bare soil and water with NDVI values of less than 0.157. Furthermore, a change in the quality of the wetland vegetation would also change the thermal emissivity values of the wetland. The wetland map was reclassified using these values and was used to correct the spectral emissivity of the blackbody temperatures (T B ).
The emissivity corrected land surface temperatures (St) were then computed using Equation 10 [38] . T B = at-satellite temperature in Kelvin ε = emissivity of wetland classes The unit (Kelvin) of the emissivity corrected LST was converted to degree Celsius using Equation 11.
I1 − 273.15 (11)
Where: I1 = St. Land surface temperature values (Table 3) were then estimated for the different wetland classes. These values were validated from climate data obtained from the Bureau of Meteorology. Furthermore, according to the IPCC [4] report, the mean annual temperature will rise by 0.2 to 1.6 °C by the year 2030. This study assumes a 1 °C rise in mean annual temperature by the year 2030 and this value was added to the LST generated. The following estimated T factor values (Table 4) for the different wetland classes were then generated based on the estimated land surface temperatures.
Furthermore, a projected T factor assuming a 1 °C rise in mean annual temperature by the year 2030 was also generated using the projected LST. This was further used to predict methane emission estimates with 1 °C rise in mean annual temperature assuming every other variable is kept constant. The methane flux values for the wetland classes (Table 5) were obtained from field and lab experiments. Static gas chambers with a diameter of 30 cm and a height of 44 cm and 0.07 m 2 surface area from which the bases had been removed were used to trap methane flux from the wetlands. The top of the chambers were gas tight sealed with a lid and a rubber stopper and were gently pushed into the soil surface to a depth of 14 cm, leaving an air space volume at the top of 21,214 cm 3 . Chambers used for estuarine waters and coastal upland bodies were attached to100 mm PVC pipes and floated in the estuary and lake. Four PVC pipes with a length of 1.5 m were attached at the joints using a 4 × 90° bends and the static gas chamber was attached in the centre of the PVC pipes using a plywood and cable ties. This was left to float in the estuary waters and coastal upland water bodies with a string attached. The chambers were sampled four times over a period of 30 minutes with an interval of 10 minutes and duplicate samples were collected at each time. The sampling was carried out by using a 25 ml syringe and needle to collect 25 ml of air from the chamber and stored in a non-sterilized exetainers. The gas samples were analyzed within a period of at most two days using a gas chromatograph equipped with a flame ionization detector and an electron capture detector [39] . This was carried out in autumn with a total number of four points in the field for each wetland type and a total number of 16 samples for analysis for each wetland type. The geographic positions for the wetlands ( Figure 3 ) were recorded with a global positioning system (GPS) within the study area. Samples from estuarine waters, mangroves and saltmarshes were collected in Tweed Heads. Dunal wetland samples were collected in Pottsville, coastal swamps in Lennox head, forested wetlands in Ballina and coastal upland water bodies from Lake Ainsworth. The total daily methane flux for each wetland type were directly computed by linear interpolation based on the assumption that the flux measured is a representative of the daily mean for each wetland type. 
Productivity Factor
The productivity factor was a ratio of net primary productivity for each wetland ecosystem to net primary productivity of tropical rainforest (Equation 12 ) assuming that methane production in a tropical rainforest is constant throughout the year because of relatively constant temperatures and rainfall [29] , i.e., (12) where: R = Productivity factor NPP = Net primary productivity.
Mean productivity factors for the wetland ecosystems (Table 6 ) were calculated using their net primary productivity values for the wetland classes adopted from [29, 40] . The net primary productivity of the wetland types were obtained from the dry weight of above ground biomass.
Precipitation and Evaporation Ratio
Precipitation and evaporation values were obtained from the climate statistics in the region. This study assumes water saturation in the soil as a function of precipitation and evaporation ratio. A higher precipitation relative to evaporation is assumed that the soils are water saturated for a given period and a value of 1 is assigned for every grid cell. The mean precipitation and standard error (SE) in the month of June 2001 for the study area was 166.2 ± 26.7 mm while the mean evaporation and standard error for the month of June 2001 was 125 ± 35.4mm. The precipitation and evaporation ratio was therefore set to 1 for every grid cell.
Results
The maximum observed mean NDVI value of 0.685 ± 0.054 was for forested wetlands while coastal swamps had the minimum mean NDVI value of 0.565 ± 0.095 (Figure 4) . 
C
The study identified and mapped the following wetland classes after the supervised classification: mangroves and saltmarshes, forested wetlands, coastal upland water bodies, estuarine water bodies, coastal swamps and dunal wetlands (Figure 6 ). The productivity factor ( Figure 8 ) was highest in mangroves and saltmarshes while coastal upland water bodies had the lowest productivity factor. The maximum mean thermal emissivity value (0.992 ± 0.004) was for forested wetlands while coastal swamps had the minimum thermal emissivity value of 0.983 ± 0.009 ( Figure 9 ). The accuracy assessment carried out for the wetland classification (Table 7) showed a maximum user's accuracy (96.15%) for mangroves and saltmarshes and the minimum user's accuracy (78.00%) for forested wetlands. The study also found forested wetlands to have the highest amount of methane emission (0.0016 ± 0.00009 Tg) in the month of June, 2001 while coastal upland water bodies had the minimum amount of methane emission (0.0000019 ± 0.0000005 Tg) in the month of June, 2001 (Table 8) . According to the IPCC [4] report, the mean annual temperature will rise by 0.2 to 1.6 °C by the year 2030. In line with the IPCC [4] projection, an estimation of methane emission from the various wetlands by the year 2030, assuming 1 °C rise in mean annual temperature was projected to increase in the month of June (Table 8) . 
Discussion
The higher land surface temperature values found in water than on land in the winter month of June 2001 is probably due to the fact that in winter, water would absorb solar energy and hold onto heat longer than land. The possibility of using land surface temperature in estimating water table depth is an area of further research. Thermal emissivity of the wetlands was used to correct the spectral emissivity of the blackbody temperature generated. The high thermal emissivity value for forested wetlands was due to their high NDVI values. Nevertheless, there would be variation of the thermal emissivity values for the wetlands especially within seasons. This is because the NDVI values are likely to change with seasons due to changes in environmental conditions and the resulting foliage replacement and flowering cycles of the plants.
The higher T factor values found in estuarine water bodies was due to the higher temperatures found in estuarine waters at the time of satellite image acquisition. There would, however, be uncertainties in the T factor values due to the fluctuation in land surface temperatures within days, months, seasons and years. There were also variations in the productivity factor of the wetlands for methane emission. This is because it is dependent on the net primary productivity of the wetlands, which further depends on the variables such as vegetation, hydrology, climate, soil type and nutrients availability [40] . The area covered by the wetlands also contributed to the estimated amount of methane emission. Forested wetlands had the maximum amount of methane emission due to a large area and methane flux. The estimation of area covered by the wetlands was limited to the satellite data used and the environmental conditions of the wetlands at the time of image acquisitions. This is because the spatial resolution of the satellite data would influence the area covered by the wetlands and conditions such as floods and tides would also influence the wetland area. High tides would likely affect the area covered by estuarine water bodies, mangroves and saltmarshes due to their proximity to the sea. The estimated amount of methane emission from the wetlands classes was also influenced by their methane fluxes, which were obtained from field and lab experiments. The methane fluxes observed from mangroves and estuarine water bodies in this study were lower than the calculated mean methane fluxes of 7.38 mg/m 2 /hr for Pichavaram mangrove and 15.41 mg/m 2 /hr for Adyar estuary in south India [41] . The lower methane fluxes observed in mangrove sediments maybe a result of out-competition for substrates [42] by sulfate reducers. This is because in marine environments with high salinity, methanogenesis may be inhibited by sulfate-reducing bacteria [43, 44] . Forested wetlands generally had a higher methane flux compared to the estimated 23.5 ± 11.3 g/m 2 /yr for forested wetland ecosystems calculated globally in Sheppard [29] . The variability of methane flux was high in the wetlands, especially in the forested wetlands. The uncertainties in methane flux were probably due to the changing environmental conditions such as soil temperature, rate of methane oxidation in the oxic soil between water table and soil surface and the difference in substrate availability. An increase in environmental conditions such as temperature and soil moisture content would increase methane flux from wetlands and vice versa [39] . Methane fluxes from wetlands would furthermore be affected by seasonal conditions. This is because there are different seasonal conditions of variables such as rainfall, temperature, evaporation and vegetation types, thereby increasing the variability of methane flux in a year.
The study assumed that methane emission processes from wetlands depend linearly on temperature due to the fact that methanogenic activities are influenced by soil temperature. It further assumed soil moisture content based on the ratio of precipitation and evaporation within a region, which is, however, limited to the availability of climate data. In addition, it assumed the mean methane fluxes measured from the various wetlands as a representative of the daily mean for each wetland type. This would nonetheless change with changing environmental conditions. However, in order to estimate annual methane emission from the wetlands it is imperative to model methane fluxes for the various seasons. This is because methane emission is expected to change throughout the year due to changes in parameters such as precipitation, and temperatures during winter, summer, autumn and spring. During summer with high temperatures, methane emission is likely to increase but this could be limited by a high rate of evaporation thereby reducing the area covered by wetlands. Methane emission would increase in autumn due to high rainfall, thereby increasing wetland area and soil moisture content. During spring and winter, methane emission from wetlands would decrease due to less rainfall and lower temperatures in the north-eastern region of NSW, Australia. Nevertheless, there is a further limitation in the estimation of annual methane emission from wetlands using satellite data. This includes the lesser availability of cloud free satellite images on a monthly basis which is necessary in order to acquire wetlands information such as area cover and quality for methane estimation.
Climate change (temperature increase) would probably increase natural methane emission from global wetlands. Policies geared towards carbon sequestration and storage could offset climate change and its impact to methane emission. The mitigation of methane emission from wetlands to the atmosphere is an area for further research. Remote sensing could play a vital role in identifying and monitoring the wetlands, and the acquisition of biophysical properties which could be used to improve our understanding of methane emission over time.
Conclusions
An estimation of methane emission from wetlands has been carried out using Landsat ETM+. This was modeled using the following parameters: productivity factor, temperature dependent factor (T-factor), wetland area, methane flux, precipitation and evaporation ratio. The estimation of methane emission from the wetlands has been carried out assuming methane production is linearly dependent on temperature. The study found a high variability of methane emission from the wetlands with the maximum amount of methane emission from forested wetlands and the minimum amount of emission from coastal upland water bodies. Methane emission is anticipated to increase with climate change which is most likely due to an increase in metabolic activities of the soil microbes. There are however uncertainties in the methane emission estimation due to changes in methane fluxes and environmental conditions such as temperature and rainfall over time from the wetlands. There are also limitations in the use of satellite data to estimate methane emission from wetlands such as the limitation in acquiring cloud free satellite images especially on a monthly basis and the factor of scale (spatial resolution) in delineating the wetland classes. Nevertheless, the empirical methane emission model using Landsat ETM+ is suitable to estimate monthly and yearly methane budget from wetlands at both local and regional level.
